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Abstract. Fetal movement is an important indicator of fetal well-being
and underpins routine obstetric ultrasound (US) tasks such as biomet-
ric assessment and standard-plane acquisition. Accurate motion estima-
tion is therefore essential for both clinical analysis and autonomous US
systems. However, anatomical changes observed in freehand US image
sequences arise from the combined effects of fetal and probe motion, cre-
ating a motion ambiguity that makes fetal-motion estimation inherently
ill-posed. To address this challenge, we introduce FetalSense, a framework
for disentangling fetal and probe motion from US image pairs. FetalSense
is trained using simulation-derived SE(3) pose supervision for both the
fetus and probe, while requiring only US images and tracked probe mo-
tion at inference. We further introduce Anatomical Landmark Displace-
ments (ALDs), an image-derived signal of fetal motion based on tem-
poral changes in fetal anatomy, thereby providing supervision without
requiring fetal-pose measurements at deployment. FetalSense combines
a probe-pose-conditioned image encoder with an ALD-guided landmark
stream to enable explicit motion decomposition. We evaluate the method
on a large-scale fetal US motion dataset generated using our simulation
framework, which will be released publicly upon acceptance. FetalSense
achieves a mean fetal displacement error of 1.56 mm and a decomposi-
tion closure error of 0.69 mm. The learned fetal-motion representation
further supports motion-state classification, achieving 94.1% accuracy
and 96.7% F1-score for significant fetal-movement detection. By jointly
introducing fetal–probe motion disentanglement and ALDs as an image-
derived motion cue, FetalSense establishes a foundation for motion-aware
fetal US analysis and autonomous US navigation.
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1 Introduction

Fetal movement is a key indicator of neurological integrity and fetal well-
being [16], detectable from as early as the second trimester [1]. Accurate charac-
terization of fetal motion underpins a range of clinical tasks, including biomet-
ric assessment [8], standard-plane identification [2], and automated fetal mon-
itoring [17]. In freehand ultrasound (US), however, observed anatomical dis-
placement arises from the superposition of two independent motion sources:
fetal movement within the uterus and probe movement across the maternal ab-
domen [5]. Because these contributions are inseparable at the image level, pixel
displacement alone cannot determine whether a change is caused by fetal mo-
tion, probe motion, or both [21]. While probe motion is externally measurable
via tracking, fetal motion has no analogous sensor and must be inferred from
the image itself. This motion ambiguity directly affects clinical interpretation
and downstream analysis: fetal motion can introduce imaging artifacts that hin-
der reliable standard-plane acquisition [14], while also confounding tasks such as
standard-plane classification and fetal motion-state detection [3,13,20].

Prior work has addressed probe and fetal motion largely in isolation. On
the probe side, methods such as US-GuideNet [5] and USPoint [21] estimate
probe displacement from image sequences to support navigation towards tar-
get standard planes, while sensorless reconstruction approaches recover probe
trajectories for volumetric compounding [15]. These methods typically assume
stationary anatomy and do not account for fetal motion. Conversely, fetal mo-
tion studies have focused on landmark tracking [11,6], pose estimation [18,4],
and, more recently, self-supervised motion-state classification [7]. While effec-
tive at characterizing apparent anatomical motion, these approaches implicitly
attribute observed displacement to fetal activity, leaving probe-induced motion
entangled with the estimated signal. Although self-supervised disentanglement
methods have shown promise for separating coupled motion sources [10], the
dual-source motion structure of freehand US has yet to be explicitly exploited.

We present FetalSense, a framework for decomposing probe-induced and
fetal-induced motion from freehand ultrasound image pairs. FetalSense is trained
using simulation-derived fetal and probe SE(3) supervision, while requiring only
ultrasound images and tracked probe motion at inference. To isolate fetal motion,
we introduce Anatomical Landmark Displacements (ALDs), image-derived resid-
ual landmark shifts obtained by comparing observed anatomy with that expected
under probe motion alone. ALDs provide a fetal-specific motion cue without
requiring fetal pose measurements at deployment. By combining a probe-pose-
conditioned image encoder with an ALD-guided landmark stream, FetalSense
explicitly decomposes probe and fetal SE(3) transformations from freehand ul-
trasound sequences. Our contributions are four-fold:

– FetalSense: a framework for motion decomposition. We present the
framework to disentangle fetal and probe motion in freehand ultrasound, en-
abling independent estimation of fetal activity without manual fetal motion
labels.
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– Anatomical Landmark Displacements (ALDs). We introduce ALDs,
residual landmark displacements that isolate fetal-specific motion by ac-
counting for probe-induced anatomical changes. ALDs provide an anatomy-
aware supervisory signal for learning fetal motion representations.

– An open-source motion-decomposed ultrasound dataset. We release
a dataset of simulated freehand ultrasound trajectories with paired fetal and
probe motion annotations.

– Downstream fetal motion-state classification. We demonstrate that
the disentangled fetal representation supports reliable classification of static
versus active fetal states, achieving 94.1% accuracy and 96.7% F1-score.

2 Dataset and Methodology
Dataset FetalSense is trained on a simulated freehand fetal ultrasound dataset
derived from real patient 3-D fetal head volumes acquired at a tertiary clinical
centre. The dataset comprises singleton pregnancies between 19–21 gestational
weeks, a developmental window that provides both optimal fetal head visibil-
ity for standard-plane assessment and sufficient fetal motion for analysis. Free-
hand scanning is simulated by generating probe trajectories through each volume
and extracting 2-D ultrasound slices at every timestep. Independent fetal mo-
tion is introduced through clinically plausible rotations of the volume reference
frame . For each consecutive frame pair (Ii, Ii+1), ground-truth labels are avail-
able for the probe-relative transform T

(i)
probe,rel, fetal-relative transform T

(i)
fetus,rel,

and combined transform T
(i)
total,rel, together with a binary fetal motion-state la-

bel. Beyond SE(3) pose labels, each image pair contains Anatomical Landmark
Displacements (ALDs) and per-landmark visibility masks. Landmark centroids
extracted from the segmentation module are used to compute ALDs, which
quantify fetal-induced motion as the displacement between observed and probe-
predicted centroid locations: a

(i)
k = c

(i+1)
k,obs − c

(i+1)
k,pred, where c

(i+1)
k,obs and c

(i+1)
k,pred

denote the observed and probe-predicted centroid locations of landmark k. By
accounting for probe-induced motion, ALDs provide localized, anatomy-aware
indicators of fetal movement. Each ALD is accompanied by a visibility mask
v
(i)
k ∈ {0, 1}, with supervision applied only to visible landmarks.The rendered

2-D slices retain authentic ultrasound characteristics, including speckle, shad-
owing, and tissue contrast, while speckle variability from 0.25 to 0.57 and SNR
variability from 3.11 to 9.18 across 55 patient volumes expose the model to
diverse clinical imaging conditions during training.

FetalSense Architecture For consecutive frames (Ii, Ii+1), the observed
image motion is jointly determined by probe motion and fetal motion. Let

T
(i)
probe,rel =

(
T

(i)
probe

)−1

T
(i+1)
probe and T

(i)
fetus,rel =

(
T

(i)
vol

)−1

T
(i+1)
vol denote the rel-

ative probe and fetal transforms between timesteps i and i + 1. Expressing the

probe pose in the fetal reference frame yields T
(i)
in-vol =

(
T

(i)
vol

)−1

T
(i)
probe and
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T
(i)
total,rel =

(
T

(i)
in-vol

)−1

T
(i+1)
in-vol , where T (i)

total,rel represents the observed inter-frame
motion. Although probe motion is directly available from tracking, estimating
fetal motion remains challenging because the observed image motion reflects the
combined effects of both probe and fetal movement.To address this challenge,
FetalSense employs a dual-input architecture comprising a FiLM-conditioned
EfficientNet image encoder modulated by tracked probe motion and a visibility-
masked landmark encoder that processes ALDs and visibility masks, where
ALDs provide localized cues of fetal movement. Features from both streams are
fused and processed by dedicated total-motion, fetal-motion, and ALD prediction
branches.The total-motion and fetal-motion branches estimate the observed and
fetal motion components, while the ALD branch provides anatomy-aware super-
vision that links fetal motion predictions to observed landmark displacements.
Joint optimization of all three branches enables accurate and geometrically con-
sistent motion estimation.

Fig. 1. Overview of FetalSense. (A) Input. Consecutive ultrasound frames
(Ii, Ii+1) with probe-, fetal-, and total-motion labels, and Anatomical Landmark Dis-
placements (ALDs). (B) Image Stream. A FiLM-conditioned EfficientNet extracts
motion features from image pairs conditioned on probe motion. (C) Landmark
Stream. A visibility-masked landmark encoder extracts anatomy-aware fetal-motion
features from ALDs. (D) Fusion and Prediction Branches. Features are fused and
decoded into total-motion, fetal-motion, and ALD predictions.

Image Stream with Probe Conditioning Given a consecutive ultra-
sound image pair (Ii, Ii+1), the two frames are stacked and processed by an
EfficientNet-B1 encoder to produce a visual representation zprobe. Since the ob-
served image motion reflects both probe and fetal movement, FetalSense explic-
itly incorporates tracked probe motion through Feature-wise Linear Modulation
(FiLM). Let pi denote the probe-motion representation derived from T

(i)
probe,rel.

A conditioning network predicts feature-wise modulation parameters (γi, βi),
which modulate intermediate feature maps according to
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z̃probe = γi ⊙ zprobe + βi. (1)
Unlike conventional image encoders, FiLM conditioning injects known probe

motion directly into the feature hierarchy. FiLM layers are applied at multiple
intermediate stages of EfficientNet-B1, allowing probe motion to influence both
low-level texture cues and higher-level anatomical representations. The resulting
probe-aware visual embedding zprobe ∈ R1280 encodes appearance and motion
information conditioned on tracked probe displacement.

Landmark Stream The landmark stream encodes Anatomical Landmark Dis-
placements (ALDs) and visibility masks derived from fetal head landmarks. Since
ALDs capture landmark motion unexplained by tracked probe movement, they
provide localized indicators of fetal motion. Visibility-masked ALDs are flattened
and encoded by a three-layer MLP into a compact anatomy-aware embedding
zlandmark = hψ([a1, . . . ,aK ]⊙ v) , where v denotes the landmark visibility mask
and hψ is a three-layer MLP with LayerNorm and GELU activations. The re-
sulting embedding zlandmark ∈ R256 captures spatially coherent patterns of fetal
motion across anatomically meaningful structures.

Fusion Head and Prediction Branches The probe-conditioned image em-
bedding zprobe ∈ R1280 and landmark embedding zlandmark ∈ R256 are concate-
nated and projected into a shared latent representation Φ([zprobe, zlandmark]) ,
where Φ(·) denotes the fusion trunk. The resulting representation combines com-
plementary visual and anatomy-aware motion cues extracted from the image and
landmark streams. To encourage specialization between global and fetal motion
estimation, the shared representation is processed by two private branches, which
are used to predict total motion, fetal motion, and the ALD field:

ztotal = Btotal(zfuse), zfetus = Bfetus(zfuse), (2)

T̂
(i)
total,rel = Htotal(ztotal), T̂

(i)
fetus,rel = Hfetus(zfetus), â = HLandmark(zfuse).

(3)
Here, T̂ (i)

total,rel and T̂
(i)
fetus,rel denote the predicted total and fetal relative mo-

tions, respectively, while â denotes the predicted ALD field. The ALD branch
provides localized anatomy-aware supervision that guides fetal motion estima-
tion through consistency with observed landmark displacements, whereas the
private motion branches encourage the total-motion and fetal-motion heads to
learn distinct representations. All branches are optimized jointly using

L = λ1Ltotal + λ2Lfetus + λ3LLandmark, (4)

where Ltotal and Lfetus supervise total and fetal pose estimation, respectively,
and LLandmark enforces consistency with the observed anatomical landmark dis-
placements. While Ltotal and Lfetus rely on simulation-only ground-truth poses
during training, inference requires only the image pair and tracked probe motion.
This absence of fetal-pose access at inference is what allows the trained model
to generalize to real freehand sequences where fetal motion cannot be measured.
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3 Results and Discussion

Implementation Details The FetalSense dataset comprises 95,000 pairwise
fetal US samples, each consisting of two consecutive 224×224 frames with corre-
sponding probe-relative, fetal-relative, and total relative pose annotations. Data
were split at the volume level into training, validation, and test sets (60:20:20).
FetalSense was trained for 1000 epochs using Adam (learning rate 1×10−4, batch
size 32). The training objective combines total-motion, fetal-motion, and ALD
losses with weights λtotal = 1.0, λfetus = 3.0, and λLandmark = 0.1, selected em-
pirically on the validation set to balance motion estimation and anatomy-aware
supervision. All experiments were conducted on an NVIDIA GeForce RTX 4090
GPU, achieving an average inference latency of 0.47 ms per frame pair.

Motion Estimation Performance Table 1 compares FetalSense against four
baselines using fetal error (F.E.), closure error (C.E.), and accuracy. All train-
able methods were trained using three independent random seeds, and the re-
ported values are averaged across runs. Closure error measures decomposition
consistency,

∥∥∥p̂fetus + pGT
probe − pGT

total

∥∥∥ , with lower values indicating more accu-
rate reconstruction of total motion, while Accuracy (%) measures moving/non-
moving fetal-state classification performance. Image Stream Only performs worst
overall, showing that image and probe cues alone are insufficient to separate fe-
tal and probe motion. LightGlue [9] improves classification accuracy through
correspondence-based probe compensation but exhibits high fetal error, while
CURL [7], adapted from a contrastive fetal-movement detector, substantially re-
duces both fetal and closure errors, achieves the strongest baseline performance.
We further evaluate a RAFT [19]-based sensorless baseline that estimates to-
tal motion via optical flow and subtracts known probe motion. Despite using
the same probe information as FetalSense, RAFT achieves reasonable classifi-
cation accuracy of 70.65% but substantially higher F.E and C.E. In contrast,
FetalSense achieves the lowest F.E. lowest C.E., and highest accuracy (94.1%),
demonstrating that landmark supervision enables more accurate and internally
consistent fetal-motion estimation.

Table 1. Comparison with baseline methods.

Method F.E (mm)↓ C.E (mm)↓ Accuracy (%)↑

Image Stream only 3.81 7.89 27.86
Lightglue [9] 5.16 6.31 56.00
CURL (fine-tuned) [7] 2.95 3.69 63.38
RAFT + Probe Subtraction [19] 4.19 4.33 70.65
FetalSense (Ours) 1.56 0.69 94.12

Ablation Study Table 2 ablates FetalSense by progressively adding the land-
mark stream, private pose heads, FiLM conditioning, and the ALD loss to an
image-stream baseline. The landmark stream alone yields modest gains, as both
motion heads still share backbone features. Private pose heads markedly reduce
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fetal and closure error, showing that task-specific representations are needed to
disentangle probe- from fetal-induced motion. FiLM conditioning further lowers
fetal error by injecting probe geometry directly into the image stream, but at the
cost of closure consistency, which is resolved only once the ALD loss is added.
The full model achieves the best fetal error (1.56mm), closure error (0.69 mm),
and cosine similarity (−0.15), indicating reduced alignment between the total-
and fetal-motion predictions. Together, these results suggest more effective dis-
entanglement of probe- and fetal-induced motion.

Table 2. Ablation study of FetalSense.

Configuration F.E (mm) T.E (mm) C.E (mm) Cosine Sim.

Image Stream Only 3.81± 2.8 2.7± 1.3 7.89± 5.9 −0.19
Dual Stream+Shared Branches 3.35± 2.7 3.08± 1.6 7.58± 6.3 −0.21
Dual Stream+Private Branches 1.95± 1.9 2.46± 1.6 4.27± 4.1 −0.16
Dual Stream+Private Branches+FiLM 1.67± 1.1 1.75± 1.7 4.42± 4.6 −0.23
FetalSense (Ours) 1.56 ± 1.8 1.77 ± 1.7 0.69 ± 1.4 −0.15

Motion Representation Analysis A key objective of FetalSense is to disen-
tangle fetus-specific motion from global probe motion rather than learn a single
mixed representation. We therefore evaluate whether the total-motion and fetal-
motion branches learn distinct and accurate representations (Fig. 2). Panels (a–
b) compare predicted and ground-truth total and fetal motion, while (c) assesses
decomposition consistency. Panel (d) examines still-fetus intervals, where fetal-
motion predictions should remain near zero, and (e) evaluates branch redun-
dancy via cosine similarity; quantitative results are summarized in (f). Median
reconstruction errors are 2.18mm and 0.84mm for total and fetal motion, respec-
tively. Strong within-branch correlations and weaker cross-correlations indicate
reduced coupling between the motion branches, while a low ALD prediction error
(0.39 px) suggests accurate capture of localized fetus-specific motion. Together,
these results demonstrate accurate motion decomposition and complementary
motion representations.

Fig. 2. Motion decomposition analysis. (a–b) Total and fetal motion predictions
versus ground truth. (c) Decomposition consistency. (d) Still-fetus predictions. (e)
Inter-branch cosine similarity. (f) Reconstruction and correlation metrics.
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Downstream Motion-State Classification Identifying periods of fetal ac-
tivity is important for autonomous US navigation [12], where probe-control
decisions may be adapted during substantial fetal motion. We therefore evaluate
whether the learned fetal-motion representation supports motion-state classifica-
tion, categorizing frame transitions as moving or static. Figure 3 shows represen-
tative high-, low-, and mid-motion trajectories. Motion events are consistently
detected across all trajectories, with no observed false negatives. Most errors
occur near moving–static transition boundaries, where elevated motion variance
occasionally produces false positives. High- and mid-motion trajectories achieve
F1 scores of 98.8% and 97.3%, respectively, while the low-motion trajectory is
more challenging due to class imbalance. These results indicate that the learned
representation captures clinically meaningful fetal-motion dynamics beyond pose
estimation alone.

Fig. 3. Downstream motion-state classification. (a–c) Ground-truth and pre-
dicted states across representative trajectories. (d) Aggregate confusion matrix. (e)
Per-trajectory classification performance.

4 Conclusion and Future Works

FetalSense presents a framework for disentangling fetal and probe-induced mo-
tion in freehand ultrasound using Anatomical Landmark Displacements (ALDs)
as geometry-aware motion cues. By jointly leveraging image appearance and
anatomy-aware landmark dynamics, the proposed method achieves accurate and
geometrically consistent motion decomposition, with a mean fetal displacement
error of 1.56mm and a closure error of 0.69mm. Beyond motion estimation,
the learned fetal representation supports motion-state classification, achieving
94.1% accuracy and a 96.7% F1-score. These results demonstrate the potential of
anatomy-guided supervision for fetal motion understanding and provide a foun-
dation for motion-aware fetal ultrasound analysis and autonomous ultrasound
navigation. Future work will focus on bridging the simulation-to-real gap through
validation on real freehand fetal ultrasound scans, benchmarking the disentan-
gled fetal representation in downstream freehand reconstruction pipelines, and
extending the framework to broader fetal anatomies and closed-loop autonomous
scanning.
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